ABSTRACT The local binary pattern (LBP) model is a simple and effective method of texture classification, but it is sensitive to rotational and noisy images. Although many variants of LBP are proposed by scholars, there are still several urgent problems, such as poor noise and rotation immunity. In this paper, we propose a robust texture descriptor, jumping and refined local pattern (JRLP) for texture classification. In particular, we first extract jumping local difference count pattern (JLDCP) consisting of second-order difference count pattern and diagonal difference count pattern to represent the jumping information in a local domain. To capture the detail information left by JLDCP, we extract a refined completed LBP (RCLBP). By concatenating the JLDCP and RCLBP, we build a JRLP-based robust texture descriptor for classification. Experimental results on four representative texture databases (Brodatz, CUReT, UIUC, and VisTex) reveal that our proposed texture classification method is effective and robust for noise, rotation, scale, and illumination variants and outperforms six representative methods.
I. INTRODUCTION
Texture classification is an important research task in computer vision and pattern recognition. How to establish an effective texture descriptor has become an urgent problem. A mass of texture classification methods have been successfully adapted to a variety of applications, including dynamic texture recognition [1] , remote sensing [2] , [3] , fingerprint matching [4] , visual inspection [5] , image retrieval [6] , [7] , biomedical image analysis [8] , edge detection [9] , [10] , scene analysis [11] , and so on.
How does a computer extract useful features from images? As is known to all, we need to study how to obtain non-image representations of images, such as symbol, multitude, and vector etc. People have proposed a variety of feature extraction methods from different perspectives. Generally speaking, there are two general categories: spatial-domain methods and transformed-domain methods. The spatial-domain methods are used to process the image matrix based on the relationship between spatial pixels and their neighborhood pixels, those methods are suitable for image texture classification with rotation and gray-scale variations.
Furthermore, spatial-domain methods are composed of three subcategories by and large: statistical methods [12] , [13] , structural methods [14] , [15] , and model-based methods [16] . The transformed-domain methods take advantage of the transformation coefficients to analyze texture images, especially for non-rotation images. Among them, spectrum methods are widely studied [17] , [18] . Although many methods have been proposed, there are still several urgent problems. Firstly, they are not robust to rotational and noisy images. Secondly, the difference information between neighbors has not been well utilized. Thirdly, the non-uniform model information has not been used rationally.
Motivated by above problems, a robust texture descriptor, jumping and refined local pattern for texture classification (JRLP) is proposed to represent images. In detail, we first extract jumping local difference count pattern (JLDCP) consisting of second-order difference count pattern (SDCP) and diagonal difference count pattern (DDCP). SDCP is used to perform the second-order comparison of pixel values before and after selected positions in images. While DDCP is formed by using the neighborhood pixel value and its diagonal value.
To capture the detail information left by JLDCP, a refined completed local binary pattern (RCLBP) is extracted by subdividing completed local binary pattern. Experimental results reveal that our proposed texture classification method is effective and robust for noise, rotation, scale, and illumination variants, and outperforms six representative methods.
The key four contributions of this paper are highlighted as follows: First, we extract jumping local difference count pattern (JLDCP) consisting of second-order difference count pattern (SDCP) and diagonal difference count pattern (DDCP) to represent the jumping information in a local domain. It can be used to suppress the effect of noise and rotation. Second, we propose RCLBP by refining non-uniform pattern in completed local binary pattern. It can capture the detail information left by JLDCP. Third, the dimension of proposed method is low, and then it is easy to implement. Finally, the proposed method is robust for different image conditions (noise, rotation, scale, and illumination variants etc).
The rest of this paper is organized as follows: Section 2 introduces the related work briefly. Section 3 presents our proposed texture representation method in detail. Experimental results are demonstrated in Section 4. Finally, we give a brief conclusion in Section 5.
II. RELATED WORK
Texture feature extraction is an important task in computer vision and pattern recognition. In recent years, with the rapid development of texture classification technology, a mass of texture feature extraction methods have emerged. We now present a brief introduction to some representative methods. Ojala et al. [19] firstly proposed the local binary pattern (LBP). It was a parameterless model that extracted the local structure information of a texture image. And it was based on the difference between the central pixel and neighbor pixels. Due to that LBP was simple and easy to implement characteristics, it had been developed rapidly in the last decades. However, the traditional LBP feature had two main disadvantages: 1) It was sensitive to image rotation and noise. 2) It was not robust to scale and illumination variants. To alleviate the above problems, many variants of LBP was proposed in the last two decades [20] - [42] . They can mainly been divided into four categories: rotation invariant features, noise tolerance features, scale invariant features, and illumination robustness features.
• Rotation invariant features: DLBP [20] proposed by Liao et al. captured the symbiotic models with the most frequent occurrence. And it was robust to rotation images and insensitive to histogram equalization. CLBP [21] proposed by Guo et al. made full use of the gray difference value information on sign pixel and magnitude pixel, which also implemented the rotation invariance. The scale-adaptive texton and subuniform-based circular shift [22] proposed further analyzed the unified model, and it obtained the sub-unified model of each unified model to achieve rotation invariance. SCLBP_TC [23] used the relationship between each element to obtain the rotation invariant in the local area. BRINT_CS_CM [24] established a new sampling method: no matter how large the local area radius was, 8 pixel points were always obtained, which also achieved rotation invariance.
• Noise tolerance features: CLBP and CLBC [25] did not consider the connection between all pixels in the local area. CLBC method was very sensitive to random noise and histogram equalization. The CLTP [26] overcame the disadvantage in noise by predefining thresholds. And it was applied to form SCLBP_TC [23] , which was based on counting and predefined thresholds, however, it did not consider the rotation invariant. DLBP [20] utilized the standardized Gabor feature, which was insensitive to histogram equalization and noise by averaging the Gabor filter outputs. BRINT_CS_CM [24] , not only took into account the local information of the texture image, but also took into account the overall information to achieve tolerance to noise.
• Scale invariant features: Scale-adaptive texton and subuniform-based circular shift [22] firstly determined the optimal scale of the image after scaling, and then determines the local area radius to achieve image scale invariant. The pairwise rotation invariant co-occurrence local binary pattern [27] feature firstly calculates the feature histograms in three directions and two scales, and then parallelizes the histograms to achieve scale invariant.
• Illumination robustness features: Research showed that the spatial co-existence of features can enhance the ability of identifying texture. Symbiotic features were insensitive to the geometric shape and the illumination transformation of images. Qi et al. proposed pairwise rotation invariant co-occurrence local binary pattern [27] , which maintained well-known curvature information and pair-wise invariant information.
Although the above texture classification methods can achieve good performances, they are not satisfactory in classifying rotational and noisy textures. Therefore, we propose a novel texture classification method named JRLP, which can achieve better classification performances for these rotational and noisy textures.
III. JUMPING AND REFINED LOCAL PATTERN FOR TEXTURE CLASSIFICATION
In this section, a novel robust texture classification method based on jumping and refined local pattern (JRLP) is proposed. It is mainly divided into two parts: jumping local difference count pattern (JLDCP), and refined completed local binary pattern (RCLBP). We utilize second-order difference count pattern (SDCP) and diagonal difference count pattern (DDCP) to extract jumping information, followed by RCLBP to capture the information ignored by JLDCP. By concatenating the JLDCP and RCLBP, we build a JRLP-based robust texture descriptor for classification. VOLUME 6, 2018 A. JUMPING LOCAL DIFFERENCE COUNT PATTERN (JLDCP) Considering that an image texture was defined as the local spatial variations in pixel intensities and orientation [42] , we propose jumping local difference count pattern (JLDCP) to describe the spatial variations in pixel intensities and orientation in a local neighborhood around any given pixel. In fact, JLDCP is made up of second-order difference count pattern (SDCP) and diagonal difference count pattern (DDCP). For clarity, we represent a local neighborhood by using its radius R and neighborhood number P around the central pixel in this work.
1) SECOND-ORDER DIFFERENCE COUNT PATTERN (SDCP)
In order to further explore the potential of LBP in texture classification, we design a parameter-free sampling scheme, which is called SDCP.
First-order difference count pattern [36] is the relationship between successive neighbors around a central pixel. And its physical meaning is the relationship between the current pixel and the previous pixel (adjacent two pixels). Based on this, we proposed second-order difference count pattern. SDCP represents the relationship between the first-order difference and the latter-order difference, which is reflected in the jumping relationship between adjacent three pixels.
In theory, a sufficient multiple order difference can adequately extract information in the original sequence. However, it should be noted that the difference order is not as good as possible. It is a processing of extracting and processing information, there is a loss of information on each difference. It has been verified by experiments, SDCP can achieve better performance, which can also compress effectively the gray values of the image. SDCP is defined as
where
P is the number of neighbour pixels in the neighborhood, g i (x, y) is the ith neighbour pixel, g (i+1) (x, y) is the (i + 1)th neighbour pixel, and g (i+2) (x, y) is the (i + 2)th neighbour pixel. s(a) is a sign descriptor. For example, when a is smaller than 0, the position of pixel is marked as 0, otherwise it is 1. In the end, we count the number of 1 as the new center pixel value.
We assume P = 8, R = 1, the calculation processing of SDCP is shown in Fig. 1 .
Subsequently, we can build a SDCP feature histogram in texture images. In a M*N texture image, the rth square window of the SDCP feature histograms, H r , can be calculated by a mathematical expression, which is defined as [19] :
where Fig. 3 show feature histogram distribution from a image, which is called Brodatz D20. It is obvious that the second-order difference count can obtain more detailed discrete information. And its histogram bins are more utilized fully and easier to achieve texture classification. Furthermore, compared with LBP [19] , SDCP is continuously operated on the surrounding neighborhood and acquires more local neighborhood information. Moreover, the weighted sum is discarded in SDCP, which makes the algorithm simple and runs fast.
2) DIAGONAL DIFFERENCE COUNT PATTERN (DDCP)
DDCP is based on the relations between the sequential neighbors with a specified distance. Features may not be observed in circular search. DDCP not only extracts information in two diagonal directions, but also information in the horizontal and vertical directions. All in all, DDCP extracts the symmetric information from a image. The principle of DDCP is shown as
where g i (x, y) is the ith neighbour pixel, and g (i+4) (x, y) is the (i+4)th neighbour pixel. In the end, we count the number of 1 as the new center pixel value. We assume P = 8, R = 1, the calculation processing of DDCP is shown in Fig. 4 . 
B. REFINED COMPLETED LOCAL BINARY PATTERN (RCLBP)
The above extracted JLDCP is used to represent jumping information in a local domain. And CLBP includes not only the sign information, but also magnitude information and the center pixel intension information. In order to get more useful non-uniform pattern information, here, we describe how to construct refined completed local binary pattern (RCLBP). In detail, RCLBP feature consists of two parts (sign information and magnitude information).
For a center pixel with P neighbour pixels, the refined completed local binary sign pattern can be defined as the following mathematical expressions:
U s is the number of spatial transitions (0/1 or 1/0) [19] . For example, when the sequence is "00000000" or "11111111", U s is 0. g c (x, y) is the center pixel value in a local area, and λ is the number of 1's in neighbour pixels.
For a center pixel with P neighbour pixels, the refined completed local binary magnitude pattern can be defined as the following mathematical expressions:
m i (x, y) is the difference absolute value between the neighborhood pixel and the center pixel, m c (x, y) is the average value of m i (x, y) in the whole image, and λ is the number of 1 in neighbour pixels. CLBP utilizes the uniform pattern for the most part. However, uniform pattern may not be dominant, the non-uniform pattern contains a lot of detail information. In the end, the local structure information cannot be fully utilized. Fig. 6 , Fig. 7, Fig. 8 and Fig. 9 show that non-uniform patterns are subdivided very visually. And the non-uniform patterns contain a lot of useful information, which will enhance greatly the classification accuracy of the images. Finally, we can obtain RCLBP by reconstructing RCLBP_S and RCLBP_M, which can capture both microstructure and macrostructure texture information.
Note that RCLBP_S and RCLBP_M are the refined versions of CLBP [21] , and thus they can capture more local information than CLBP. For clarity, we present the calculation processing of RCLBP_S with P = 8 and R = 1 in Fig. 10 . In Fig. 10 , black dot represents 1, and white dot represents 0. U s is the number of spatial transitions (0/1 or 1/0). When U s is less than or equal to 2, the obtained feature value is equal to the number of 1's in the neighborhood pixels. when U s is greater than 2, it is equal to the sum of the number of 1 in the neighborhood pixels and the P value. we first represent the above jumping local difference count pattern (JLDCP) by using the following vector:
where second-order difference count pattern (SDCP) and diagonal difference count pattern (DDCP) is defined by
Similarly, the above refined completed local binary pattern (RCLBP) can be represented by the following vector:
where v RCLBP_S and v RCLBP_M is defined as
By concatenating the JLDCP and RCLBP, we can build a JRLP-based robust texture descriptor, which is defined as Fig. 11 shows the framework of our proposed texture classification method based on JRLP.
D. TEXTURE CLASSIFICATION
In this subsection, we introduce the distance measurement formula and the choice of classifier. The nearest neighborhood classifier with the chi-square distance is used to measure the dissimilarity between two histograms.
1) DISTANCE MEASUREMENT
For our proposed method, training samples and test samples are assumed to be: v T and v t . Then, the chi-square distance between them can be expressed clearly as
where v j T is the value of the jth square window in training samples. v j t is the value of the jth square window of the ith in test samples. N is the total number of square windows in the feature histogram. 
2) CLASSIFICATION
The general idea of K nearest neighbour classifier is: (1)Calculate the distance between the points, which are collected by the known category data sets and the current point. In our following experiments, we let K=1, that is, the test texture is classified to the class to which the closest training texture belongs.
IV. EXPERIMENTAL RESULTS
In this section, various experiments on four standard texture databases are carried out to demonstrate the efficiency of our proposed texture classification method by comparing it with 6 representative variants of LBP.
A. EXPERIMENTAL SETTINGS AND TEXTURE DATASETS 1) EXPERIMENTAL SETTINGS
In the following experiments, we randomly select a half of the samples from each class as training samples, and the remaining ones are used as testing samples. Furthermore, the average classification accuracy rate (ACAR) is computed on the ten random experimental results. On the other hand, in order to show the robust of our proposed JRLP, we test it on the noise-free images and the contaminated images under different noise environment [35] . To show the superiority of JRLP, we also perform experiments on three sampling scales including (1, 8) , (2, 16) and (3, 24) .
2) TEXTURE DATASETS
Brodatz is a common international standard texture image database. It contains 111 texture classes, each texture class stores a 640*640 gray-scale image. According to the texture database, we design three data sets, which are represented as: Set-1, Set-2, and Set-3. Among them, Set-1 contains 40 texture classes, as shown in Fig. 12 . Each image is FIGURE 13. The 40 classes of CUReT images are arranged from left to right and from top to bottom: Sample01, Sample03, Sample04, Sample05, Sample07, Sample08, Sample11, Sample16, Sample17, Sample18, Sample19, Sample21, Sample22, Sample23, Sample24, Sample25, Sample26, Sample27, Sample28, Sample30, Sample32, Sample33, Sample35, Sample36, Sample37, Sample38, Sample39, Sample40, Sample41, Sample42, Sample43, Sample44, Sample47, Sample48, Sample51, Sample52, Sample54, Sample56, Sample58, and Sample60.
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• , and 90 • , respectively. Finally, the center area of 64*64 is taken as an experimental sample. Therefore, Set-4 contains 2880 (40*2*9*4) 64*64 experimental samples. Set-5 contains 61 texture classes, its construction principle is similar to Set-4. Therefore, Set-5 contains 4392 (61*2*9*4) 64*64 experimental samples. 
According to the VisTex texture database, Set-7 contains 40 512*512 texture classes, as shown in 
B. EXPERIMENTAL RESULTS EVALUATION ON DATABASES
To demonstrate the effectiveness of our proposed method, a mass of experiments are made on four datasets. Our proposed method is compared with six state-of-the-art methods for texture classification, such as LBP [19] , CLBP [21] , CLBC [25] , ECLBP [39] , MCDR [40] , and COV-LBPD [41] . Table 1 shows the results of various methods on Brodatz texture database. First, Set-1 includes 40 texture classes with 640 images, Set-2 includes 111 texture classes with 1776 images. According to experimental results on Set-1 and Set-2, it is easy to find that classification accuracy rates of JRLP have slipped slightly by the increasing of experimental samples. However, their values are still in the first place. Our approach has a wide adaptable ability. Second, on Set-2 and Set-3, experimental results show the proposed method JRLP gains a brilliant accuracy from rotation images and no rotation images. Comparing with Set-2, similar conclusion can be made that although all of the above methods can obtain better classification performance on Set-3. The proposed method JRLP is the best one in comparison. Third, in the different sampling scales, such as (R = 1,P = 8), (R = 2,P = 16), and (R = 3,P = 24), the accuracies of JRLP are as high respectively as 97.84%, 97.04%, and 99.85%. In one word, our proposed method can get higher classification rate than other variants of LBP methods, and it is more insensitive to scale variants.
1) CLASSIFICATION PERFORMANCE & COMPARISON
As shown in table 2, our proposed method can still obtain satisfactory experimental results. To further test the rotation and illumination invariant of our proposed method, we perform experiments on the CUReT database. First of all, by the increasing of experiment samples, the accuracy rates of our method fall in a understandable range. There is at most 0.49% dropping numerically. A large number of experiments show that our proposed method is far superior to other variants of LBP, it proves JRLP has a good application capability to image classification. Second, by increasing of the sampling scale, the accuracies of other methods decline faster. For example, the accuracy of MCDR declines from 95.02% (R = 1,P = 8) to 88.10% (R = 3,P = 24) on Set-5. The accuracy of our method is even in a small upward phase. It shows our method is not only not affected by restriction on scale variants, even it possesses better classification performance under higher scale. For instance, the accuracy of JRLP is up to 100% (R = 3,P = 24) on Set-4. JRLP is more stable than others, it extracts both local gray level structure information and the specific nonuniform information. Table 3 shows clearly our proposed method plays a main role for rotation invariant texture classification. Experiments verify a comprehensive evaluation of the performance on UIUC database. Obviously, in the six shown methods, LBP obtains the lowest accuracy, JRLP achieves the highest accuracy. Though CLBP and CLBC outperform other four methods on database, they cannot overcome our proposed method. All methods perform much better, when the radius is smaller, but JRLP achieves better results than other methods in any condition. JRLP is the most stable and has the highest accuracy by comparing with else methods. And Set-6 includes all 25 classes, there are 2880 rotation images in Set-6, JRLP can have about 3.69% improvement than CLBP and 4.44% improvement than ECLBP (R = 3,P = 24). So it demonstrates adequately the effectiveness of our proposed method. As shown in table 4, the accuracies of all methods are generally high, but the ACAR of our proposed method is superior to else six compared methods. There are 2880 rotation images on Set-7, the experimental results of JRLP are 99.84%, 99.99%, and 99.99% on each scale. By the increasing of scale, JRLP still has better classification performance than others. JRLP achieves the best accuracy in rotation and different scale conditions. VOLUME 6, 2018 
2) CLASSIFICATION PERFORMANCE WITH NOISY
Noise robustness is also an important evaluation standard for texture classification methods [35] . In order to verify the superiority of JRLP, we conduct extensive experiments on On table 5, our proposed method obtains the highest classification accuracies in different noise environments. But it depresses seriously classification accuracies of else six methods. By increasing of d from 0.01 to 0.10, our method still continues to keep efficient. JRLP has been far ahead, while else six methods almost do not work. Table 6 shows that JRLP still achieves higher accuracies than six approaches on four databases. By increasing of the noise intensity, accuracy of JRLP declines more slowly than other classification methods. For example, on CUReT database, the value of v varies from 0.01 to 0.10, and the accuracy of COV-LBPD decreases from 86.01% to 75.56%. JRLP has dropped from 99.69% to 99.38%. Even on the VisTex database, the value of v is from 0.01 to 0.10, and accuracy of JRLP rises from 99.80% to 99.90%.
In summary, our proposed texture classification method is effective and robust for noise, rotation, scale, and illumination variants, and outperforms six representative methods.
V. CONCLUSION
In this paper, we propose a novel and effective texture descriptor, jumping and refined local pattern (JRLP), for texture classification. The resulting JRLP consists of the jumping local difference count pattern (JLDCP) and refined completed local binary pattern (RCLBP). JLDCP can be used to represent the jumping information in a local domain, while RCLBP can be used to capture the detail information left by JLDCP. Experimental results on four representative texture databases (Brodatz, CUReT, UIUC and VisTex) reveal that our proposed texture classification method is effective and robust for noise, rotation, scale, and illumination variants, and outperforms six representative methods. He has authored or co-authored over 30 papers at famous journals and conferences, including the IEEE TIP, the IEEE TNNLS, the IEEE TCYB, the IEEE SPL, and the ACM TIST. He has served as a Reviewer for over 30 international prestigious journals and conferences, such as the IEEE TNNLS, the IEEE TIP, the IEEE TCYB, the IEEE TIE, the IEEE TSP, the IEEE TKDE, the IEEE TCDS, and the ACM TIST. He has also served as a program committee member for over 10 international conferences. He is a member of ACM and CCF. 
